In this work, artificial neural network (ANN) is used to predict the output power generated from a single junction Cu(In,Ga)Se 2 (CIGS) thin-film photovoltaic (PV) module by investigating the effect of the number of input variables on the estimated accuracy. The neural network structure used is based on using cell temperature and irradiation and two electrical parameters; the open circuit voltage and the short circuit current of the CIGS thin film PV module as its inputs with the predicted maximum power generation as its output. The proposed method uses the manufacturer's data of the single junction CIGS thin film PV module NWCIGS-96. From the simulation results using ANN tools the average values for coefficient of determination (R 2 ) = 0.8882, correlation coefficient (CC) = 0.9424, relative mean square error (RMSE) = 22.9034 and mean absolute error (MAE) = 19.0016
Introduction
Solar energy has a wide range of applications from rural energy electrification to satellite communication. Its penetration has increased significantly due to global environmental reasons and sustainable energy development.
With the increasing demands for energy and the threat of a looming energy crisis, South Africa is ideally positioned to take advantage of solar energy as an alternative energy source. As indicated in the 2010 Integrated Resource plan (IRP), South Africa has set generation targets for technologies of 8400MW of Photovoltaic (PV) but currently, about only 632MW of PV have been procured in the first round of the Departments of Energy's (DOE) Renewable Energy Independent Power Producers Procurement Programme (REIPPP) [1] [2] .
However, since solar energy obtained from a solar PV module is not constant, a major challenge will be to maximize the use of solar energy due to the unpredictability of the output power of the PV modules from the resulting variations in irradiance levels and cell temperature.
The extracted power from the PV system is a function of the PV array voltage and current. The estimated output energy of PV modules will be beneficial to the investment calculation of a solar energy system [3] especially in optimizing the operating condition of the PV system [4] .
Most solar PV modules produced for terrestrial applications are made from crystalline silicon solar cells. Thin-film solar modules based on amorphous silicon (a-Si), cadmium telluride (CdTe), Copper Indium Selenide (CIGS) and Gallium Arsenide (GaAs) are gaining a strong foothold in the world PV market with PV modules from thin film technology becoming the most promising. Thin film technology offers a number of advantages. Its test sequence for the design qualification and type approval is described in IEC 61646 [5] .
Artificial Neural Network (ANN) is used for modeling PV modules in two ways; either to predict the equivalent circuit parameter, or to generate the I-V curves of PV modules under different weather conditions [7] . ANN has also been used to estimate the maximum power generation from a PV module by using the environmental information, such as, irradiance level, temperature and wind velocity [6] . An advanced ANN based model of a PV module was developed to predict output power accurately and to take into consideration the operating conditions. However, due to the uncertainty in cell temperature measurement, the ambient temperature (instead of the module temperature) was used as input parameter to the models [7] .
There are several benefits of using ANN, these include: it does not require a prior knowledge of the internal system parameters; involves less computational effort and provides a compact solution for multivariable problems [8] .
This paper proposes a 3-layer ANN architecture, which is used to predict the power generated by a CIGS thin film PV module for a typical winter period in Pretoria, South Africa. The inputs to the network are the non-uniform irradiance level, module temperature, open circuit voltage and the short circuit current (Isc) with the output signal as the predicted maximum power from the PV module.
Choice of Photovoltaic Module
Thin Film solar cells are made by depositing one or more thin layers of photovoltaic material on a substrate. There are different categories of Thin-film solar cells, depending on the PV material used. These include: amorphous silicon (a-Si), cadmium telluride (CdTe), copper indium gallium selenide (CIS or CIGS), dye sensitized solar cells (DSC) and other organic solar cells. Thin film solar cells compared to other solar cells have the highest efficiency of about 12-20% based on Cu (InGa)Se 2 [5] .
Basic Model of thin Film Cigs PV Module
The double diode model (DEM), also known as the five-parameters model, is a more appropriate model used for a CIGS PV module and is used to describe its current-voltage (I-V) characteristics under light conditions [6] .
where,
where V moc.0 is the open circuit voltage of the PV module, Ns = number of cells in series in PV module For this work, two parallel connected NW CIGS-96 photovoltaic modules, each consisting of 118 CIG (Cu (IN, Ga) Se 2 cells connected in series are used. Each module provides 96W of maximum power and its electrical specification is shown in Table 1 
Configuration of the Neural Network
A typical neural network has three layers; input, hidden and output layers. Each layer consists of neurons which are connected to the next layers. There are also three basic parameters associated with ANN. These are the learning rate (L), a number between 0 and 1 which indicates how much the weight changes to make effect on each pass, the momentum rate (M) and the epoch.
ANN using Multilayer Perceptron is used to predict the output power generated for the CIGS thin-film PV modules under natural non-uniform irradiance level and module temperature. In the training process, the output power generated is used as the target output using a sigmoid activation function.
The input layer consists of five nodes for irradiation, module temperature (T o k), open circuit voltage (V oc ), and short circuit current (I sc ). A bias signal of 1.0 is set to improve the learning speed; the hidden layer has six nodes, which also include one bias node and the output layer has one node for predicting the maximum power.
Data collected from the photovoltaic system set up on the roof top of Building 6, Tshwane University of Technology, Pretoria West, South Africa (Lat. 37.094 o , Long. -2.358 o and elevation 499.0m a.s.l) for a typical winter season was used to evaluate the proposed configuration of the neural network. The measured data was taken between 12.00 hr and 21.00 hr. (9 hours) each day from 16 June to 4 July 2013.
For both hidden and output layers, the sigmoid activation function is used for the input-output characteristics of the nodes with each node i in the hidden layer and the output O i (k) being expressed as [12] .
The term I i(k) in equation (7) above is the input signal to node i at the k-th sampling while I i(k) is the weighted sum of the input nodes described by:
where wij = connection weights from node j to node i and
is the output from node j.
Most ANNs use feed-forward neural network (FFNN) also known as Multilayer Perceptron (MLP) with Back Propagation Learning (BPL) algorithm. The back propagation learning algorithm is based on the gradient descent technique which involves the maximization of the network cumulative error. The equation of the sum of the squared error is expressed as:
where t(k) = the reference (target) network output at the k th sample. O i (k) = the actual network output at the k th sample N = number of training pattern or epoch
ANN based Prediction of Maximum Power of a CIGS PV Module
The Multilayer perceptron MLP training function is used to predict the maximum power produced by the CIGS PV module. Levenberg Marquardt (LM) algorithm was used to minimize the Mean Square Error (MSE) of the MLP adopted. Four ANN models (Table 2) 
Performance analysis of the ANN
Six different statistical indicators are used to evaluate the performance of the network. These are the mean square error (MSE), root mean square error (RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE), correlation coefficient (CC), root relative mean square and coefficient of determination (R2) [7] , [13] : 
Results and Discussion
A training set of the ANN with Multilayer Perceptron (MLP) is considered with two hidden layers using the following parameters (Table 3) The graphs of the estimated power against the measured output power produced by the NWCIGS PV module for each of the models described in Table 2 above is shown in figures 1.0 to 5.0.
Another set of Data taken from 5 July to 21 July 2013 was used for testing the ANN and to validate the results from the ANN models (see table 4 below). Though Model IV has the highest R 2 and CC when compared with other models, Model 1 which has all parameters in the inputs nodes gave the best results. Hence, Model 1 was adopted for this work as it has the highest MAE, RAE, RRSE compared to other models. This shows that using the complete input parameters to model the PV estimated power output of the NWCIGS PV modules gives a better prediction. , CC, MSE and RMSE amongst other statistical tools. The architecture that gives the best performance is Model 1, with all the four input variables. It can be concluded that ANN can be used to predict the maximum power generated from a NWCIGS PV module using the double diode electrical equivalent (DEM) model.
